Integration of simulated and observed states through data assimilation as well as model evaluation requires a realistic representation of soil moisture in land surface models (LSMs). However, soil moisture in LSMs is sensitive to a range of uncertain input parameters, and intermodel differences in parameter values are often large. Here, the effect of soil parameters on soil moisture and evapotranspiration are investigated by using parameters from three different LSMs participating in the European Land Data Assimilation System (ELDAS) project. To prevent compensating effects from other than soil parameters, the effects are evaluated within a common framework of parsimonious stochastic soil moisture models. First, soil parameters are shown to affect soil moisture more strongly than the average evapotranspiration. In arid climates, the effect of soil parameters is on the variance rather than the mean, and the intermodel flux differences are smallest. Soil parameters from the ELDAS LSMs differ strongly, most notably in the available moisture content between the wilting point and the critical moisture content, which differ by a factor of 3. The ELDAS parameters can lead to differences in mean volumetric soil moisture as high as 0.10 and an average evapotranspiration of 10%-20% for the investigated parameter range. The parsimonious framework presented here can be used to investigate first-order parameter sensitivities under a range of climate conditions without using full LSM simulations. The results are consistent with many other studies using different LSMs under a more limited range of possible forcing conditions.
Introduction
The dynamic role of the land surface in the climate system is nowadays widely recognized. Fluxes of latent heat from the land surface into the atmosphere transport large amounts of energy and water and limit direct heating of the lower atmosphere. Their magnitude, however, strongly depends on the soil moisture content of the soil. Model studies have shown that without soil moisture interacting freely with the atmosphere, warm season precipitation and temperature variability over land are significantly reduced (e.g., Douville 2003; Koster et al. 2004; Seneviratne et al. 2006a) . It is also known that there is a tight relation between soil moisture and screenlevel temperature and humidity (Mahfouf 1991) . In addition, there is a two-way coupling between the memory of the land surface and the strength of the coupling between the land surface and the atmosphere Suarez 1996, 2001 ).
The correct simulation of land surface-atmosphere interactions requires the realistic representation of both soil moisture and evapotranspiration. Unfortunately, current land surface models (LSMs) depend on many uncertain parameters; as a result, they strongly differ on both soil moisture and evapotranspiration (e.g., Lohmann and Wood 2003; Teuling et al. 2006) , with consequent divergence in land-atmosphere coupling strength (e.g., Koster et al. 2004) or persistence patterns (e.g., Seneviratne et al. 2006b ).
The uncertainty in many LSM parameters combined with the high sensitivity of simulated states and fluxes to these parameters can cause spurious drifts in the soil moisture state. To address this issue in model-based soil moisture products, different land data assimilation systems have been developed to constrain simulated soil moisture to observations of screen-level temperature and humidity (e.g., Bouttier et al. 1993; Rhodin et al. 1999; Douville et al. 2000) , surface soil moisture or surface emissivity (e.g., Heathman et al. 2003; Galantowicz et al. 1999; Reichle and Koster 2005) , latent heat fluxes (e.g., van den Hurk et al. 1997; Schuurmans et al. 2003) , or to a combination of these (e.g., Seuffert et al. 2003) .
While data assimilation provides a pragmatic solution to momentarily improve soil moisture states, later biases are not prevented since most data assimilation approaches deal with model states rather than parameters (in contrast to calibration). In fact, many data assimilation techniques assume bias-free models as well as observations. In addition, some data assimilation schemes (especially in reanalysis data products) mostly aim at an improvement of the turbulent fluxes through the soil moisture increments. As a consequence, some soil moisture assimilation schemes may even lead to a deterioration of the soil moisture fields (e.g., Betts et al. 2003; Seneviratne et al. 2004) . Calibration of soil parameters to effective rather than physical values improves soil moisture data, but observations at larger scales are scarce (Ines and Mohanty 2008) . To effectively prevent, or even reduce, soil moisture biases, improvements in model parameterization are thus needed (Jacobs et al. 2008) .
Soil parameters control the storage capacity and loss rates of the soil per unit depth; hence they affect the simulation of soil moisture and evapotranspiration in LSMs. The variability in soil parameters within different textural classes often exceeds the variability between the classes (Soet and Stricker 2003; Gutmann and Small 2006) , likely resulting in large differences between LSMs that derive their parameters from different soil databases. Also, the exact magnitude of this effect is uncertain. Some studies report a high sensitivity of both soil moisture and evapotranspiration to soil characteristics, such as the water-holding capacity or other soil hydraulic properties (e.g., Soet et al. 2000; Seneviratne et al. 2006b ), while others reported mainly an effect on soil moisture (Richter et al. 2004; Braun and Schä dler 2005; Kato et al. 2007) . The sensitivity of a LSM to its parameters also depends on the climate conditions (e.g., Pitman 1994; Bastidas et al. 1999; Soet et al. 2000; Liang and Guo 2003; Kahan et al. 2006) . A general framework that can help to understand why these sensitivities to soil parameters differ between models and climates is currently lacking.
In this study, we investigate the potential, or isolated, effect of soil parameters (e.g., wilting point, porosity, saturated hydraulic conductivity) on soil moisture and the mean water budget components under stochastic forcing. Here, potential means that the soil parameters are isolated from their original model, and their effect is evaluated using a parsimonious framework of stochastic soil moisture models. Through this methodology, we only evaluate the effect of parameters from different LSMs, not the LSMs themselves. Also, model-dependent compensating effects as a result of parameter interactions (see, e.g., Liang and Guo 2003) are avoided. Finally, the results are obtained under statistical steadystate conditions. While sensitivity studies with full LSMs require specification of initial and transient forcing conditions (which are typically far from being steady state), the results obtained with our current approach are independent of both. Therefore, they are likely to be more general.
The stochastic models are of considerably lower complexity than the full LSMs. Nonetheless, their equations for the soil moisture dependency on evapotranspiration and drainage are the same, or at least very similar. Indeed, it has been shown that just by using the point-specific linearized dependencies of evapotranspiration and drainage to soil moisture, most of the gridpoint soil moisture variability in original LSMs can be reproduced (Koster and Milly 1997) . While stochastic soil moisture models have mainly been used for theoretical analysis (e.g., Rodríguez-Iturbe and Porporato 2004), they have also been applied to describe soil moisture observations in regions with either strong or weak seasonality in forcing (e.g., Calanca 2004; Teuling et al. 2005; Miller et al. 2007; Teuling et al. 2007) . The stochastic models are described in section 2.
Soil parameters are taken from three LSMs used within the European Land Data Assimilation System project (ELDAS). For more information on the ELDAS soil moisture, we refer to Jacobs et al. (2008) and van den Hurk et al. (2008) . The ELDAS LSMs differ widely in their treatment of the parameters governing the soil water balance, and they are likely to be representative for the whole range of operational LSMs. The soil parameterizations of the ELDAS models are described in section 3. It should be noted that some LSM parameters are calibrated to optimize a particular model's performance, and their conceptual rather than physical meaning would prohibit direct intercomparison. This is, however, not the case for soil parameters. Their values are often derived from observations and are assigned to LMSs as attributes of soil textural classes.
Stochastic soil moisture models a. General outline
For a single-layer model with effective depth of the root zone d rz , temporal changes in the volumetric water content u or the saturation degree s can be expressed as
where P is the precipitation, I is the rate of interception by leaves, R is the saturation excess runoff, ET is the total evapotranspiration (through root water uptake and soil evaporation), Q is the drainage from the base of the soil profile, and u s is the soil moisture content at saturation (porosity). In what follows, we will use both u and s, depending on which is more convenient. Although Eq.
(1) is not solved directly, it is implicitly considered in the steady-state probability distributions of soil moisture used in this study. Since we focus on the effect of soil parameters rather than root depth, we will use a constant d rz of 600 mm, though the effect of 610% changes in d rz are also investigated hereafter. For all vegetation types, the bulk of the roots is present above this depth (Schenk and Jackson 2002) . Next, the parameterization of different water balance components and their relation to land surface characteristics are described.
b. Evapotranspiration losses
Water extraction from soils for transpiration in common ''biophysical'' LSMs (Sellers et al. 1997 ) is generally driven by the bulk exchange formula for latent heat, with additive aerodynamic resistance r a and canopy resistance r c :
where r a is the density of air, r w is the density of water, and Dq is the specific humidity gradient between the surface and the lowest atmospheric level. Here, we assume a typical value of r a 5 10 s m 21 (Sellers et al. 1997) . The canopy or surface resistance r c is a function of a minimum (unstressed) stomatal resistance r s,min , the leaf area index LAI, and a (model dependent) number m of environmental stress functions f i depending on factors such as temperature, radiation, or soil moisture:
Here, we use r s,min 5 150 s m 21 and LAI 5 3. These values are typical for low, fully developed vegetation, such as grass and crops (van den Hurk et al. 2000) . Only the effect of the soil moisture reduction function f(u) is considered here, and the effect of day-to-day variations of vapor pressure deficit and photosynthetic active radiation effects on r c (see Jarvis 1976) are neglected. As a result, only systematic longer term (multiday) changes in ET as a result of the depletion of the soil moisture reservoir are accounted for, such as those analyzed by Teuling et al. (2006) . The function f(u) is generally nonlinear and is often expressed as (e.g., Sellers et al. 1997; van den Hurk et al. 2000; Albertson and Kiely 2001) f
where u w is the permanent wilting point and u c is the critical moisture content below which stomatal opening is reduced as a result of soil moisture stress. To ensure a (bi)linear relation between ET and u for compatibility with the analytical solutions of Rodríguez-Iturbe et al. (1999) and Laio et al. (2001) , we apply f(u) 21 directly to the maximum unstressed ET (e.g., Sellers et al. 1997; Albertson and Kiely 2001) :
In the following equation, we will refer to ET max as the (constant) rate of ET whenever soil moisture is not limiting. Some models also allow for soil moisture drying below u w . We accommodate for this by E w , a residual soil evaporation at u w that linearly reduces to zero toward the residual moisture content u r (u r , u w , see Fig. 1 ). The temporal average ET can be obtained by the integration of the functional relation between u and ET, with the corresponding probability density distribution p(u) that results from the stochastic rainfall forcing:
This equation has been used in previous studies to assess the effect of spatial, rather than temporal, soil moisture distributions on the spatially average ET (e.g., Crow and Wood 2002; Sellers et al. 2007 ).
c. Drainage losses
In reality, the water flux at the base of the root zone is determined both by gravitational forces and additional capillary forces as a result of the presence of groundwater (Bogaart et al. 2008) . In LSMs, capillary effects are often neglected (Albertson and Kiely 2001) . In this case, the flux equals the hydraulic conductivity at the given moisture content, that is, Q 5 k(u), where the moisture content is that of the deepest model layer. Many models use the power law function to describe the dependency of the hydraulic conductivity k on u (e.g., Clapp and Hornberger 1978) :
where k s is the saturated hydraulic conductivity and b is a retention parameter. In other cases, the nonlinear k(u) relation is approximated by a piecewise linear function (e.g., Rodríguez-Iturbe et al. 1999) :
where the field capacity s f is chosen such that the best fit is obtained with Eq. (7). For reasons of mathematical tractability, Laio et al. (2001) proposed the following exponential function to fit Eq. (7):
where b is related to b [Eq. (7)] as b 5 2b 1 4 [refer to Laio et al. (2001) for details]. Note that in contrast to Eq. (7), Eqs. (8) and (9) assume that water movement below u f can be neglected. Similar to Eq. (6), the temporal average drainage AEQae is given by
The relation between the combined drainage and evapotranspiration losses and the soil moisture state is the so-called loss function, and is shown in Fig. 1 for both Eqs. (8) and (9).
d. Infiltration and runoff
Precipitation is an intermittent process; therefore, we include a stochastic representation of rainfall pulses in the model that accounts for alternating wetting and drying events under given climate conditions and yet preserves the possibility of analytical solutions. Here, rainstorms occur instantaneously and are represented by a marked Poisson process. The distribution of time v i between two successive storms at t i and t i11 and the depth h i of an individual storm at t i are independent random variables ( Fig. 1) . Their distributions are exponential:
where l is the mean storm arrival rate and a is the mean storm depth. If part of the rainfall is intercepted by a canopy reservoir with capacity D (here 0.5 mm) and no memory, the infiltration becomes a new (censored) marked Poisson process (Laio et al. 2001) , with a reduced mean storm arrival rate l9 5 lexp(2D/a). Since AEPae 5 al, the resulting mean interception rate of the process is
AEIae 5 a(lÀl9). It is assumed that runoff occurs only whenever the depth of a rainfall event exceeds the available storage. Figure 2 shows an illustration of the stochastic forcing and the resulting temporal soil moisture evolution.
e. Steady-state distributions
In the case of piecewise linear losses [i.e., evapotranspiration using Eq. (5) and linear drainage of Eq. (8)], an analytical solution of the steady-state soil moisture probability density function (hereafter pdf) was derived by Rodríguez-Iturbe et al. (1999) . For notational convenience, we follow Rodríguez-Iturbe et al. (1999) and express the pdf p in terms of soil wetness s 5 u/u s :
where h w 5 E w /u s d rz , g 5 u s d rz /a, and m is given by
The integration constants C 1 and C 2 in Eqs. (14) and (15) 
For the pdfs given by Eqs. (14) and (15), no easy expression exists for the moments (i.e., mean and variance). To this end, a useful simplification can be made by assuming that the losses, which are linear between u w and u c , maintain the same slope also above u c . This assumption is only appropriate for the arid climate, where soil moisture excursions above u c are rare. Here, the time scale t 5 d rz (u c 2 u w )/ET max of the exponential decay in ET resulting from drying between u c and u w is of particular interest, since this can be used to infer land surface properties from ET observations (Teuling et al. 2006) . In this case, the steady-state distribution is a shifted gamma distribution (Teuling et al. 2007 ):
FIG. 2. Illustration of the (top) marked Poisson rainfall process (P) and (bottom) resulting traces of soil moisture (u) for the (a) arid and (b) humid climates. Note that in the arid climate, soil moisture losses generally occur at a lower rate.
where h 5 ET max /u s d rz , g 5 u s d rz /a, and C 1 is an integration constant. Next, we consider the case of nonlinear drainage losses [Eq. (9)] combined with a residual soil evaporation E w for u , u w . In this case, the steady-state distribution p(s) becomes (Laio et al. 2001) pðsÞ 5
where c 5 a/d rz . The validity of the linear-loss simplification under arid climate conditions is shown in Fig. 3 , where it is shown that the gamma distribution is in good agreement with the more complex Laio et al. (2001) model [Eq. (15)]. The gamma distribution Eq. (18) has mean
and variance Var (u) proportional to t:
so that with all other parameters constant, Var(u) } u c 2 u w . Since ET 5 (u 2 u w )d rz /t, the mean evapotranspiration equals the mean infiltration: AEETae 5 l9a. By using Var(ET) 5 Var(u)d 2 rz /t 2 , it follows that Var(ET) is inversely proportional to the retention time scale t:
so that Var(ET) } (u c 2 u w ) 21 .
f. Climate conditions
Here, we will consider three different climatic conditions for simplicity: ''humid,'' ''arid,'' and ''transitional.'' Evapotranspiration in the humid climate is limited by the supply of energy. Potential evapotranspiration rates are relatively moderate as a result of higher humidity, lower temperatures, and lower net radiation, and the average infiltration exceeds the potential (unstressed) evapotranspiration: AEPae 2 AEIae . ET max . In contrast, evapotranspiration is limited by the availability of soil moisture in the arid climate. Here, potential evapotranspiration exceeds the average infiltration: ET max . AEPae 2 AEIae. In the transitional climate, the average infiltration is balanced by ET max , so that ET max ' AEPae 2 AEI ae. The average specific humidity gradient Dq is chosen such that ET max equals 3, 4, and 5 mm day 21 for the humid, transitional, and arid climate, respectively. The forcing is listed in Table 1 . Figure 2 shows forcing realizations for the humid and arid climates, along with the resulting soil moisture.
g. Parameter sensitivity
Since no easy expression exists for the mean and variance of Eq. (15), we evaluate the sensitivity of soil moisture to the different parameters by looking at the pdf directly. The rationale behind this is that if changing any parameter affects soil moisture, this will also affect p(u). Or, alternatively, if p(u) does not change in response to a parameter perturbation, soil moisture has no sensitivity to this parameter. We will investigate the sensitivity to equal (namely, 10%) parameter perturbations, so that the relative (or normalized) effect can be directly compared. One should note that the actual uncertainty range is parameter dependent and that a 10% range can be too optimistic, especially for parameters that are known to vary over orders of magnitude (such as k s ). For most parameters, however, realistic confidence intervals are unknown.
From a land surface modeling perspective, the key interest might be in AEETae rather than soil moisture. Since analytical expressions for AEETae and its sensitivity to the different parameters cannot be easily obtained, this is investigated numerically. For any parameter P, the relative sensitivity s of AEETae to P can be approximated by
where DAEETae is the range in AEETae, resulting from a small parameter perturbation DP (here 1%). (Table 2) were chosen, such that the water-holding capacity of 1 m of soil is approximately 15 cm (see Viterbo and Beljaars 1995) , corresponding to the water-holding capacity of the original Bucket model (Manabe 1969) . Gravitational drainage from the lowest layer is calculated from Eq. (7). Evapotranspiration is reduced for u , u f , so that there is no distinction between u c and u f . The recent version of TESSEL, HTESSEL, has improved hydrology and distinguishes between six different soil types, each with its own parameters. Here, (H)TESSEL refers to both models.
2) ISBA
Interactions between Soil, Biosphere, and Atmosphere have been developed at the Centre National de Recherches Mé té orologiques (CNRM), Mé té o-France. In ISBA, the u w , u f , and u s are calculated from continuous pedotransfer functions based on the percentages of sand and clay. The formulas are 
where CLAY and SAND are the percentages of clay and sand, respectively. There is no organic soil type. Drainage is assumed to take place only above u f and is a linear function of the soil moisture content above u f following the approach of Mahfouf and Noilhan (1996) :
where t 1 is a restore constant (5 1 day). Note the similarity with Eq. (8). The constant C 3 is calculated from [refer to Mahfouf and Noilhan (1996) for details]
where u* is the soil moisture content at a fraction of 1/e going from u f to u s . Alternatively, C 3 can be determined from the following regression with CLAY : 
Although, strictly speaking, the difference between linear and nonlinear drainage is a matter of parameterization rather than parameters, we will include the effect of linear drainage in the study, since C 3 is an effective parameter defined only for linear drainage. Table 2. 3) TERRA TERRA was developed at the German Weather Service (DWD). In TERRA, six different soil classes are distinguished (excluding ice and rock). Most of the soil parameters (u r , u w , u f , u s , and k s ) are listed in a lookup table for each soil class ( Table 2 ). The critical moisture content u c , however, is calculated dynamically as a function of ET max following Denmead and Shaw (1962) :
where ET max,norm 5 4.75 mm day
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. TERRA also distinguishes between the permanent wilting point u w and the hygroscopic or residual point u r , below which the remaining water is bound to the soil particles.
Results

a. Model sensitivity
First, we discuss the sensitivity of soil moisture and ET to the model parameters in the most complex Laio et al. (2001) model [Eq. (15) ] using average parameters corresponding to a typical loamy soil (Table 2 ). Figure 4 shows the perturbation in p(u) resulting from equal (10%) perturbations in all parameters (including forcing) for the three climates. The gray areas in the figure correspond to the outer envelope of pdfs resulting from the parameter perturbation-that is, the gray area contains all possible pdfs within the 610% parameter range.
It can be seen in Fig. 4 that soil moisture is not equally sensitive to all parameters and that the sensitivity also depends on climate. Any perturbation in parameters that are associated with small water fluxes (u r , E w , D) is hardly reflected in p(u) (Figs. 4a, 4f, and 4i) . As can be expected, soil parameters that regulate the soil moisture reduction on ET (u w ,u c ) have an effect on soil moisture in the arid and transitional climates but not in the humid climate, where ET is not limited by soil moisture. Similarly, soil parameters that control drainage (u f , u s , b, and k s ) effect soil moisture in the humid and transitional climates but not in the arid climate. Because of the nonlinearity in drainage [Eq. (9)], a relative change in u f or u s has a larger effect on p(u) than b or k s . Interestingly and somewhat counter intuitively, the sensitivity of volumetric soil moisture to a perturbation in the depth of the root zone d rz is much smaller than for an equal perturbation in u s (Figs. 4e and 4j) , since the effect of the former occurs through the water balance. However, actual variations in d rz can be expected to be larger than 610%, both within and between different models.
For the vegetation parameters that directly control ET (LAI,r s,min ), the effect is rather independent of climate (Figs. 4k and 4l) . Because of the additive nature of the canopy and aerodynamic resistance r c and r a , their individual effect on p(u) is smaller than for LAI. Since r a ( r c , LAI and r s,min show higher sensitivities. Much larger effects are found in all climates for the parameters Dq, a, l that are directly linked to atmospheric forcing (Figs. 4n-p) . As mentioned earlier, not all parameters are equally uncertain in reality. Ideally, the sensitivity should be evaluated with realistic rather than equal perturbations. Figure 5 shows the effect of one of the most uncertain parameters, k s , with a 10% perturbation as compared to a more realistic 50%-200% scenario. In the latter case, the effect on p(u) becomes comparable to a 10% uncertainty in u s (Fig. 4e) .
With soil moisture being sensitive to certain parameters, this is not necessarily also true for AEETae. Figure 6 shows the relative sensitivity s [Eq. (22)] of AEETae to all parameters (again, including forcing). While some (soil) parameters have a profound effect on soil moisture, this effect is not reflected in ET. Only in the transitional climate is there a small relative sensitivity (order 60.1) of AEETae to some soil parameters (u c ,u s ) compared to none for the humid and arid climates. This sensitivity dependence on the climate regime is as expected, since ET will be most significantly affected by soil moisture in the transitional climate (see also Koster et al. 2004 ). In the humid and transitional climates, AEETae is much more sensitive to (vegetation) parameters that directly determine ET max (LAI, r s,min , Dq). In the arid climate, nearly all precipitation evaporates, resulting in a sensitivity of 1 to changes in a and l. In the humid climate, AEETae becomes nearly insensitive to small changes in precipitation characteristics. Table 2 lists the soil parameters for different soil types in the ELDAS models. It should be noted that not all models include a distinction between the functional role of u r and u w , or between u c and u f . In TESSEL, for example, there is no mechanism that allows for drying below u w ; hence, u w has the same function in the model as u r . Because of the small fluxes below u r , this distinction does not necessarily have a large effect on either u or ET. Large differences in u w are found between the models. For coarse soils, u w in TERRA (0.042) is half of u w in ISBA (0.083). For very fine soils, the difference between TERRA and HTESSEL is even larger: 0.257 versus 0.335. Similar differences are found for u c and u s .
b. ELDAS soil parameters
All models increase their relevant soil moisture contents from coarse to fine soils, though with different magnitude. For HTESSEL, the difference in u s between coarse and very fine soils is 0.211; for ISBA, this is only 0.076. Even larger differences are found in k s . For the same soil type, the models often differ over more than one order of magnitude. Similar to the previously discussed parameters, the range in k s between different FIG. 5. Sensitivity of the steady-state soil moisture distribution p(u) for k s for arid, transitional, and humid climates using the depiction scheme of . Here, Dq was inverted from ET max . Values for ET max , a, and l depend on climate (Table 1) .
soils in a single model also differs widely. In TERRA, this range is most extreme, with 4138 mm day 21 for sand and only 1 mm day 21 for clay. In ISBA, this range is much smaller, with 497 mm day 21 for sand and 37 mm day 21 for clay. This also illustrates the very large range of uncertainty that can be found for certain parameters (since the soil texture of a given model grid point will often lie between typical soil texture classes).
Important to the modeling of soil moisture-limited ET is the moisture availability per unit depth between the wilting point u w and the critical moisture content u w . For convenience, this difference u c 2 u w is also listed in Table 2 . Although within any model, the variability of the difference between soil types is limited and the differences between the models are very large. Whereas HTESSEL has differences in the range 0.196-0.250, the differences for ISBA are nearly 3 times smaller, 0.073-0.089. Next, the effect of the different parameters on soil moisture and the water balance components is investigated. Figure 7 shows the pdfs with ELDAS parameters calculated with Eq. (14) (ISBA parameters) and Eq. (15) (TERRA and HTESSEL parameters). The soil moisture distributions directly reflect the tendency of the soil parameters to increase with finer texture. Compared to our reference model, the ELDAS models all have a large difference u c 2 u w (see Table 2 ) in comparison to u f 2 u c . In combination with relatively rapid drainage above u f , this leads to a much smaller soil moisture variability (i.e., narrower pdfs) in the humid climate than in the arid climate.
c. Effect of ELDAS soil parameters
The reference parameters also result in a rather wide pdf for the transitional climate when compared to the humid and arid climates (Fig. 4) . For the HTESSEL and ISBA parameters, this behavior is almost absent. The small range over which soil moisture can vary in ISBA causes the pdfs for different climates to largely overlap. For TERRA and HTESSEL, the climate signal in the soil moisture pdfs is much stronger. Even for the same soil type, the soil moisture pdfs between the models sometimes hardly overlap, as is the case for HTESSEL and ISBA. This shows that soil parameters can be a major source of absolute bias when different soil moisture products are to be compared, which has also been identified in previous studies (e.g., Dirmeyer et al. 1999) .
As shown before, effects on soil moisture do not necessarily translate into effects on water fluxes. Table 3 lists all average water fluxes that are affected by soil moisture and soil parameters (AEETae, AEQae, AERae) for the arid, transitional, and humid climates. The fluxes that are independent of soil moisture (AEPae, AEIae) are listed in Table 1. For TERRA and (H)TESSEL in the arid climate, AEETae approaches the average infiltration rate AEPae 2 AEIae 5 1.90 mm day
21
, and drainage losses are small. Because of the small dynamic range caused by the ISBA parameters, drainage losses are much larger (up to 10% of AEETae for sand). In the transitional climate, AEETae is highest for all models despite the smaller ET max Á The AEETae tends to be higher for finer soils, especially for peat/ organic soil. The increased precipitation is accompanied by a general increase in AEQae. There are, however, considerable intermodel differences. TERRA has a slightly higher AEETae than TESSEL, most likely due to the higher ET above u c . Again, the smaller dynamic range in ISBA leads to increased AEQae and thus reduced AEETae by 10%-20%. In the humid climate, AEETae approaches ET max (3.0 mm day 21 ). In (H)TESSEL and ISBA, the more frequent soil moisture reduction on ET (below u f rather than u c ) leads to smaller AEETae (5%-15%) and consequently larger AEQae. Only for the cases with extremely low k s , AERae becomes significant at the cost of AEQae. In the humid and transitional climates, model differences in AEETae are much larger than in the arid climate.
Next, we quantify the effect of the ELDAS parameters in the arid climate using Eqs. (19)- (21). Table 2 also lists the mean soil moisture AEuae for the arid climate. For all models, AEuae increases with finer soil texture, corresponding to the same tendency in the parameters u w and u c . For coarse soils, AEuae is very similar; however, the differences in u c 2 u w nonetheless result in completely different dynamics in terms of Var(u) and Var(ET). For finer soils, both AEuae and u c 2 u w show large differences between the models, with differences in AEuae of up to 0.07. For loamy soils in HTESSEL and ISBA, AEuae is very similar; however, the large difference in u c 2 u w results in ISBA having a nearly 3 times larger Var(ET) and a corresponding Var(u) 3 times smaller in comparison to HTESSEL. For clay soils, the difference in AEuae between the models can be as high as 0.09.
d. Model structure
TERRA differs from the other models not only by its reduction of AEETae below u c rather than u f (a parameter difference) but also by the variation of u c depending on TABLE 3. Effect of ELDAS soil parameters on average soil water fluxes (mm day 21 ) for the soil types in Fig. 7 . The accompanying (soil independent) fluxes AEPae and AEIae are listed in Table 1 , D 5 0.5 mm, and d rz 5 600 mm. For convenience, the same x axis is chosen for similar soil types.
ET max [a model structure difference, Eq. (27)]. The question arises of how much the structural difference can add to the difference between the ELDAS parameters. Figure 8 shows Eq. (27). For low ET max , the relative critical moisture content approaches 0.65, while for high ET max it approaches 1 (or u f ). Since in a humid climate ET max is generally low and AEETae ' ET max , a lowering of u c will only have a minor effect on AEETae and u. In an arid climate with high ET max , a higher u c will affect u rather than AEETae, since AEETae is mainly determined by the mean infiltration. In transitional climates, the sensitivity of AEETae to u c is highest (Fig. 6 ) and the effect on AEETae should be largest. Part of the difference between ISBA and (H)TESSEL and TERRA parameters originates from the difference in drainage, that is, Eq. (8) versus Eq. (9). The ''effective'' saturated hydraulic conductivity C 3 was derived under the requirement of the same e-folding time for free drainage from saturation . However, under normal wet conditions, the corresponding soil moisture level u* is almost never reached (Fig. 9) . The poor match between the linear and nonlinear drainage does not imply the former to be an incorrect model. With a proper choice of effective parameters, a reasonable fit can be obtained with the nonlinear drainage. Figure 9 also shows the ''best fit'' pdf obtained by minimizing the RMSE between the pdfs with linear and nonlinear drainage. This leads to a further reduction of k s to only 20% of its original (physical) value and to an increase in u f by 0.03.
Discussion and conclusions
In this paper, we analyzed soil parameters of three land surface models used within the ELDAS project, and we evaluated their potential effect on soil moisture and different water balance components. First, it was shown that soil moisture in LSMs is much more sensitive to soil parameters than evapotranspiration. The difference between the LSM soil parameters, however, was so large that evapotranspiration was also affected, resulting in differences of more than 10% in evapotranspiration as a result of soil parameters alone. We should note that it is most directly the effect of soil parameters on land fluxes (rather than absolute soil moisture content) that is relevant for coupled models. That models can have highly varying absolute soil moisture values does not necessarily mean that soil moisture dynamics and its effect on evapotranspiration is affected (see also Dirmeyer et al. 1999) .
The available moisture content per unit depth and thus the range of soil moisture (which is, as mentioned, more important for the models' behavior than for the absolute soil moisture bounds) differed between the models by up to a factor of 2. The ISBA parameters resulted in a smaller soil moisture range and less evapotranspiration for all soil types in comparison to (H)TESSEL and TERRA. The different behavior of the ISBA parameters can partly be explained by the different drainage parameterization. The linear force-restore drainage formulation in ISBA, when not used in combination with the proper effective field capacity and saturated hydraulic conductivity, results in a much more efficient drainage in comparison to the nonlinear formulation in (H)TESSEL and TERRA. In conclusion, the different soil parameters used in the investigated LSMs can lead to significant volumetric soil moisture biases of up to 0.10 and can cause differences in evapotranspiration of up to 10%.
The parsimonious (i.e., low dimensional) analytical models of the soil water balance are an easy tool used to FIG. 9. The effect of drainage parameterization on the soil moisture distribution p(u): 1 indicates linear drainage with the same k s as nonlinear drainage; 2 is the effective k s using the approach of Mahfouf and Noilhan (1996) ; and 3 indicates the closest correspondence between the pdfs for linear and nonlinear drainage when also u f is varied. Inset shows the corresponding minimum in the RMSE between the two pdfs.
investigate sensitivities of soil moisture and water fluxes to primary parameters without using full LSMs with more complex parameter interactions. Despite the simplicity of our model, the results are in line with previous studies on full LSMs. Large sensitivity of soil moisture to soil parameters was also reported by Braun and Schä dler (2005) . In an intermodel comparison, Koster and Milly (1997) found that ISBA was among the models with the lowest average evapotranspiration, consistent with the low water availability per unit depth discussed here. The dependency of parameter sensitivity to climate conditions that was reported in several studies (e.g., Bastidas et al. 1999; Soet et al. 2000; Kahan et al. 2006 ) is also well reproduced in the current study. More specifically, our results also agree on the higher sensitivity of evapotranspiration to vegetation parameters in comparison to soil parameters under dry conditions (Kahan et al. 2006) . Kato et al. (2007) studied the sensitivity of different parameters of three LSMs used within the Global Land Data Assimilation System (GLDAS) project and also found that evapotranspiration was more sensitive to land cover, while soil moisture was more sensitive to soil characteristics. This is consistent with our Figs. 4 and 6.
While the stochastic soil moisture models can be seen as ''generalized'' land surface models for the water balance per unit depth, they obviously have their limitations. First, they lack interaction with the atmosphere. In coupled models, the effect of this interaction can be significant (Pitman 1994) . Although coupling with the atmosphere will likely result in different sensitivities, high sensitivities to stomatal resistance and leaf area index (among other factors) were also reported by Pitman (1994) for a coupled experiment. Second, the fact that these models treat the unsaturated zone as a single layer makes them incapable of simulating processes, such as infiltration and vertical redistribution that take place on fine temporal scales and require fine vertical and horizontal discretization. For soils with low saturated hydraulic conductivity in arid climates, where infiltration excess runoff is not compensated by saturation excess runoff, the effect on the water balance might be significant. The stochastic soil models used here also lack seasonality in forcing. Since seasonality is an inherent property of most climates, the results should, therefore, be interpreted in a probabilistic manner. For short simulations, the role and sensitivity of parameters might depend more on the initial soil moisture state than on climate. Finally, any LSM grid cell will contain a mixture of different soil types. Different LSMs might determine the representative soil type for the grid cell differently, leading to additional intermodel differences not considered here.
